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Abstract 
The detection of voice pathologies using speech processing techniques can be a useful contribution for the diagnose of 
larynx diseases. The main objective of this work was to inspect the spectral envelope of the voice signal searching for 
information that allows voice pathology detection. The frequency and bandwidth of the first peak from the spectral 
envelope obtained from Linear Predictive Coefficients (LPC) of 30th order was found to be a valuable feature being used 
for voice pathology detection. In the corpus considered in this work we obtained a 100% discrimination between healthy 
and unhealthy subjects and a 87% discrimination between nodules and Reinke’s edema.  
© 2013 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of 
CENTERIS/ProjMAN/HCIST. 
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1. Introduction 
The voice pathologies are consequence of various circumstances such as extensive or incorrect use of 
voice, stress, inhalation of tobacco smoke, gastric reflux, hormonal problems, among others. The disease 
typically affects the vocal folds and is detectable by direct laryngoscopy, which is the visualization of the 
vocal folds using a camera. This method is invasive, uncomfortable for the patient and may, depending on the 
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equipment used, require a local anaesthetic. Alternatively, the test can be performed by indirect laryngoscopy, 
with a mirror which, although less invasive, often involves the use of small amounts of local sedatives. This 
equipment is also expensive and has high maintenance costs as it have to be sterilized between diagnoses, 
consuming time and resources. 
The use of an efficient, non-invasive, easy and inexpensive method for pathologies recognition may be 
useful as an initial evaluation, or as a complementary method for the diagnosis of voice diseases. A method of 
voice pathologies diagnosis based in speech signals is useful in screening situations because do not require 
specialized equipment. 
The area of speech processing is in constant development and involves different types of recognition, from 
speech to speaker. There are certainly concepts from speech recognition that can be applied and exploited in 
the recognition of voice pathologies. 
Several works in pathological voice identification discriminate between healthy and unhealthy subjects, 
without the recognition of the pathology. Some works in pathological voice identification [1-4] use features 
like the pitch jitter, shimmer, harmonic-to-noise ratio (HNR) and energy spectrum to discriminate unhealthy 
subjects. Other works use features like MFFC [5] and wavelet analysis [6]. In [7, 8] a comparison from 
different systems and features in pathological voice identification can be found.  
In voice pathologies identification features like jitter and shimmer alone are not sufficient to discriminate 
pathologies [9]. For example MFCC parameters and wavelets analysis are used in [10-13] and achieved better 
results. 
In [14], spectral modulation and SVM are used to identify polyps using the vowel /a/ from the MEEI 
corpus [15]. The system achieves a recognition rate of 88.6% in discrimination between 4 pathologies and 
healthy subjects. The features are obtained by spectral modulation where the discrete spectrum of the signal is 
modeled in sub-bands. The signal obtained from patients with polyps present a higher energy in the pitch 
band. After feature extraction, an algorithm based on principal component analysis is used for dimensionality 
reduction. Finally, feature selection based on mutual information is used to sort only the most relevant 
characteristics. 
In [16], the authors compare the results obtained in previous work [14] with those obtained with the 
MFCC as parameters. The results obtained are approximately 25% lower than the results obtained by spectral 
modulation.  
In [17] five different pathologies are identified, assuming that the voice is pathologic. Two Arabic vowels 
equivalent to \a\ and \i\, where obtained from a corpus consisting of numbers from 1 to 10, with 72 patients, 
thus generating 720 speech signals, where 80% are used for training and 20% for testing. From each vowel 
the value of the 1st and 2nd formant are extracted taking 4 or 5 frames in the middle of the speech signal 
(where it is more stable). Using these four features a neuronal network achieves a recognition rate of 67.8% 
for male patients and 52.5% for female patients. Tests were also conducted with a classifier based on vectorial 
quantization but the results were inferior to those obtained by the neural network. It is reported in this work 
that, in some diseases, a deviation in the formants mean values allows the discrimination of the pathologies. 
The works referenced above indicate that the energy spectrum contains information about voices 
pathologies. In our work the spectral envelope is also analyzed in healthy and unhealthy subjects, with 
Reinke’s edema and nodules, seeking for features that can conduce to the discrimination of pathological 
voices and pathologies. 
Section 2 describes the pathologies and the corpus used for tests. Section 3 presents the method and a new 
feature. The paper finishes presenting the results and a discussion, as well as the conclusions. 
2. Pathologies and Corpus 
The corpus used in this work is composed by 16 healthy subjects (11 males, 5 females), 16 subjects (2 
males, 14 females) with Reinke’s edema and 15 subjects (2 males, 13 females) with vocal fold nodules, with 
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age distribution ranging from 21 to 48 years.  This corpus has used in several works [6,9,12,13]. 
Each subject produced a sustained vowel \a\ for 5 seconds, recorded with a 22050 Hz sampling rate, with 
comfortable pitch and loudness level. These pathologies are both present in the vocal folds. A brief 
description of these pathologies is presented bellow. Further details about the corpus and the addressed 
pathologies can be found in [9]. 
2.1. Nodules 
The vocal fold nodules are benign lesions that can occur in both vocal folds in the area where these have 
higher friction, at anterior 1/3 and posterior 2/3 of the vocal folds, where friction between folds is most 
aggressive. This pathology is common in people who use voice intensively, as politicians, teachers, singers 
and children who cry often. The lumps are small sized, typically the size of a pinhead, and can appear in 
groups over a given area. 
Symptoms include dysphonia, with voice timbre changing through a variable hoarseness. In extreme cases 
it can reach aphonia preventing altogether the voicing. 
The nodules do not allow complete closure of the vocal folds, resulting on a speech signal with noise. To 
compensate for this effect the patient tends to increase tension in the muscle, increasing the collision forces of 
the vocal folds. Apart from noise, this disease also causes irregularities in the fundamental frequency (jitter) 
and variations in amplitude (shimmer). 
2.2. Reinke’s Edema 
The Reinkes’s edema typically affects both vocal folds and is characterized by their swelling, caused by 
accumulation of fluid dispersed in the Reinke space. As the fluid accumulates, this space increases so that the 
vocal folds also increase in thickness and protrude into the interior of the larynx. In consequence, voice 
becomes more rough tone because the swelling causes changes in the elasticity of the vocal folds. In extreme 
cases the swelling may even hinder the passage of air. In reaction to this situation, the patient increases the 
vocal effort, resulting in excessive opening of the glottis and causing asymmetrical and irregular vibration of 
the vocal folds. 
The main cause of this disease is smoking. The principal symptom is a reduction on pitch frequency, 
making female speakers easier to detect since they typically have higher pitch. 
2.3. Corpus 
The corpus is composed by 16 healthy subjects, 16 subjects with Reinke’s edema and 15 subjects with 
vocal fold nodules. Each subject produced a sustained vowel \a\ for 5 seconds, recorded with 22050 Hz 
sampling rate, with a comfortable pitch and loudness level. Fig. 1 shows the age distribution that ranges 
between 21 to 48 years and Table 1 presents the gender distribution by pathology 
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Fig. 1: Speaker Age Distribution 
Table 1. Corpus gender distribution 
Speech Signal Male Female 
Healthy 11 5 
Nodules 2 13 
Reinke’s edema 2 14 
3. Method 
The main goal of this work was to inspect the spectral envelope of the voice signal searching for 
information that could allow voice pathology detection. The spectral envelope has a visual representation of 
the frequencies and bandwidths of the formants and is estimated with the LPC filter frequency response, also 
known as LPC spectrum. The formant central frequency is given (1) by the LPC poles angle wk and the 
bandwidth is given (2) by the pole distance rk  to the unitary circle [18]. 
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The LPC coefficients where estimated using the autocorrelation method implemented in VoiceBox: 
Speech Processing Toolbox for Matlab [19]. For visual spectral envelope analysis the WaveSurfer software 
[20] was used.  
The  LPC analyses uses 10th to 16th order LPC, in signals with 8000 Hz sampling rate, and pre-emphasis 
to compensate the spectral slope and emphasize high frequencies. Fig 2 (a) shows an LPC spectrum from the 
vowel \a\ from a subject with nodules pathology. 
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Fig. 2: (a) 16th order LPC Spectrum of vowel /a/ by a subject with nodules pathology. (b) 30th order LPC Spectrum of vowel /a/ by a 
subject with nodules pathology. (c) 30th order LPC Spectrum, vowel /a/ by a healthy subject. Only the first 5 kHz are plotted. 
Since the corpus was obtained with 22050 Hz sampling rate, the LPC order was increased to 30 in order to 
obtain more formants description. Pre-emphasis was removed in order to emphasize low frequencies. The 
resulting LPC spectrum, for the same frame of Fig. 2 (a) is show in Fig. 2 (b). It can be seen that a spectral 
peak appears before the first formant. The same spectral peak was also found in subjects with Reinkes’s 
edema. This peak appears sometimes in healthy voices as show in Fig. 2 (c), but with lower intensity and 
larger bandwidth. 
In some subjects this peak has a frequency similar to the pitch frequency. For other subjects with lower 
pitch, however, the peak and the pitch don’t match. 
To understand the impact of this spectral feature in healthy and unhealthy subjects the central frequency 
and bandwidth of this peak was compared among all files in the corpus. The 30th order LPC coefficients 
where computed for one second of each voice signal, with 20 ms frame size and 50% overlap without pre-
emphasis. After the computation of the frequency and bandwidth of the LPC spectrum first peak, the average 
value of the frequency and bandwidth was computed for all the frames. The results are presented in the next 
section. 
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4. Results and Discussion 
The average bandwidth versus the average central frequency of the LPC spectrum first peak is show in 
Fig. 3 (a) for each subject of the corpus. It can be seen that the LPC spectrum first peak in healthy subjects 
typically has a higher bandwidth, which corresponds to less energy compared with unhealthy subjects.  
For first peak frequencies above 500 Hz this peak can be considered the first formant of the vowel /a/ 
(whose typical frequency is around 650 Hz). In these cases, the subject is considered healthy. For unhealthy 
subjects it is always detected a low bandwidth peak before the first formant, as show in Fig 2 (b). As a result, 
the healthy subjects can be easily separated from the unhealthy subjects in this corpus using these features. 
    
Fig. 3: (a) LPC spectrum first peak frequency vs. bandwidth for all the subjects in the corpus; (b) LPC spectrum first peak frequency vs. 
bandwidth for all the subjects in the corpus. 
The next step was to examine whether it is possible to have some discrimination between the two 
pathologies using these features.  The results are presented in Fig. 3 (b). As it can be seen, the detection of the 
pathologies is possible. However, the pathologies are not completely separable. As pointed out above, one 
characteristic of the Reinke’s edema is a lower pitch frequency. Since the first peak seems to be related with 
the pitch, it appears that subjects with this pathology have a tendency to have lower first peak frequency than 
subjects with nodules. However, the only two male subjects with nodules match as errors in a hypothetic 
classification. The peak bandwidth, increased with the frequency in subjects with Reinke’s edema, remaining 
more stable and lower in the subjects with nodules. In this case there are also two subjects with Reinke’s 
edema that perform as false nodule identification. Assuming these four errors in the 31 samples, the accuracy 
is 87%. 
5. Conclusion and Future Work 
The main objective of this work was to inspect the LPC spectrum searching for information that allows 
voice pathology detection. As showed, using a high order LPC it is possible to detect the first peak in the 
spectral envelope, before the frequency of the 1st formant, present in all voice signals of unhealthy subjects.  
This peak seems to be related in some cases with pitch energy, since his central frequency is very close to 
the pitch frequency, but in other subjects the peak frequency is higher than the pitch. On healthy subjects this 
peak appears with lower energy compared to the formants or don’t appear at all. 
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Two evaluations where the first peak of the LPC spectrum was characterized by his central frequency and 
bandwidth were performed. These two features allowed the separation of healthy and unhealthy subjects 
achieving a 87% discrimination between pathologies. 
In the near future work, a classification system will be implemented using the frequency and bandwidth of 
the LPC spectrum first peak. We will continue to analyze other speech signals in order to consolidate our 
results with a larger database. The detection of other larynx pathologies will be also tested. 
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